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(57) ABSTRACT

A method for (of) automatically detecting a security vulner-
ability in a source code using a machine learning model,
characterized in that the method includes: obtaining the
source code from a client codebase, wherein the client
codebase is a complete or an incomplete body of the source
code for a given software program or an application; and
using a machine learning (ML) model to perform a ML
based analysis on an abstract syntax tree (AST) for detecting
a first security vulnerability over a static source code, the
machine learning based analysis comprise (i) flattening the
abstract syntax tree (AST) into a sequence of structured
tokens, wherein the sequence of structured tokens includes
a semantic structure and a syntactic structure of the source
code, (ii) implementing a natural language processing tech-
nique on the sequence of structured tokens for mapping the
sequence of structured tokens to one or more integers, (iii)
pre-training the machine learning model using an unlabeled
source code as an input to predict a subsequent sub-token in
the sequence of structured tokens and (iv) training the
machine learning model on a labeled source code to predict
a presence or an absence of the first security vulnerability.

28 Claims, 4 Drawing Sheets

OBTAINING THE SOURCE CODE FROM A CLIENT
CODEBASE, WHEREIN THE CLIENT CODEBASE IS A
COMPLETE OR AN INCOMPLETE BODY OF THE
SOURCE CODE FOR A GIVEN SOFTWARE PROGRAM
OR AN APPLICATION

M 302

!

USING A MACHINE LEARNING (ML) MODEL TO
PERFORM A ML BASED ANALYSIS ON AN ABSTRACT
SYNTAX TREE (AST) FOR DETECTING A FIRST
SECURITY VULNERABILITY OVER A STATIC SOURCE
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SYSTEM AND METHOD FOR
AUTOMATICALLY DETECTING A
SECURITY VULNERABILITY IN A SOURCE
CODE USING A MACHINE LEARNING
MODEL

TECHNICAL FIELD

The present disclosure relates generally to a system and a
method for automatically detecting a security vulnerability
in a source code using a machine learning model; moreover,
the aforesaid system employs, when in operation, machine
learning techniques that detects security vulnerability in the
source code, for example by way of performing, using the
machine learning model, a post-analysis on a first security
vulnerability, a second security vulnerability, and a third
security vulnerability to predict a final security vulnerability.

BACKGROUND

In computer security, a vulnerability is a weakness which
can be exploited by a threat actor, such as an attacker, to
perform unauthorized actions within a computer system. To
exploit a vulnerability, an attacker must have at least one
applicable tool or technique that can connect to a system
weakness. Vulnerability management is the cyclical practice
of identifying, classifying, remediating, and mitigating vul-
nerabilities. This practice generally refers to software vul-
nerabilities in computing systems.

A software vulnerability discovery through automated
code inspection has continued to remain elusive. According
to Rice’s theorem, all non-trivial, semantic properties of
programs are undecidable. The software vulnerability dis-
covery using an automated process is inaccurate as a com-
puter program may identify semantic properties of another
computer program that is running on the computing system.
The semantic property is one about the program’s behaviour,
for instance, does the program terminate for all inputs.
Unlike, a syntactic property, for instance, does the program
contain an if-then-else statement. A property is non-trivial if
it is neither true for every computable function, nor false for
every computable function.

Most of the existing software vulnerability static analysis
techniques are not precise, complete, and scalable. One such
method of software analysis using taint analysis to identify
sources, sanitizers has a propensity for high false positives
and false negatives due to the complexity of syntactic
structure and the complexity of semantic interpretation
which needs to accurately identify security vulnerabilities in
a source code. Other existing solutions that attempt to
perform automated code analysis (e.g. a traditional static
analysis) have high signal-to-noise ratios with respect to a
high number of false positives that they are reporting (i.e.
reported vulnerabilities that don’t exist) and/or a high num-
ber of false negatives (i.e. unreported vulnerabilities that do
exist).

U.S. Pat. No. 8,806,619 discloses a system and method of
determining whether software includes malicious code. The
method includes instrumenting a validation machine with
tools and monitors that capture the static and dynamic
behavior of software. Software under examination is
executed on the validation machine, and the tools and
monitors are used to log data representative of the behavior
of the software to detect vulnerable or malicious code. If
possible, one or more operations are automatically per-
formed on the software to enhance the security of the
software by neutralizing the vulnerable or malicious code.
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Activities that cannot be neutralized automatically are
flagged for human inspection.

U.S. Pat. No. 8,499,353 discloses a security assessment
platform. The platform includes a communications server
for receiving technical characteristics and business-context
information relating to a software application and testing
engines for performing a plurality of vulnerability tests
thereon. The platform may also include a testing workflow
module for defining an assurance level for the application
based on the technical characteristics and business-context
information, defining a vulnerability test plan that includes
multiple vulnerability tests based on the assurance level, and
correlating the results of vulnerability tests to identify
related faults in the application. However, none of the above
prior art effectively detect the vulnerability in the source
code while keeping signal-to-noise ratios as low.

Therefore, in light of the foregoing discussion, there
exists a need to overcome the aforementioned drawbacks in
existing approaches for automatically detecting the security
vulnerability in the source code without false positives and
false negatives while keeping the signal-to-noise ratios as
low.

SUMMARY

The present disclosure seeks to provide a method for (of)
automatically detecting a security vulnerability in a source
code using a machine learning model.

According to a first aspect, the present disclosure provides
a method for (of) automatically detecting a security vulner-
ability in a source code using a machine learning model,
characterized in that the method comprising:

obtaining the source code from a client codebase, wherein

the client codebase is a complete or an incomplete body
of the source code for a given software program or an
application; and

using a machine learning (ML) model to perform a ML

based analysis on an abstract syntax tree (AST) for

detecting a first security vulnerability over a static

source code, the machine learning based analysis com-

prising:

flattening the abstract syntax tree (AST) into a
sequence of structured tokens, wherein the sequence
of structured tokens comprises a semantic structure
and a syntactic structure of the source code,

implementing a natural language processing technique
on the sequence of structured tokens for mapping the
sequence of structured tokens to one or more inte-
gers,

pre-training the machine learning model using an unla-
beled source code as an input to predict a subsequent
sub-token in the sequence of structured tokens, and

training the machine learning model on a labeled
source code to predict a presence or an absence of the
first security vulnerability.

The present disclosure is of advantage in that improved
signal-to-noise ratio through the combination of techniques
and, in particular, the use of machine learning (ML) model
can assist to improve security vulnerability detection in the
source code.

Optionally, the method comprises detecting a second
security vulnerability before compilation of the source code
by performing a static analysis on a vectorized call graph.

Optionally, the method comprises detecting a third secu-
rity vulnerability during the compilation of the source code
by performing a library analysis on the vectorized call graph.
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Optionally, the method comprises performing, using the
machine learning model, a post-analysis on the first security
vulnerability, the second security vulnerability, and the third
security vulnerability to predict a final security vulnerability.

Optionally, the method comprises generating a database
with the source code and its associated metadata, wherein
the source code comprises the unlabeled source code and the
labeled source code.

Optionally, the method comprises parsing the source code
into the abstract syntax tree (AST), wherein the abstract
syntax tree (AST) is a tree representation of an abstract
syntactic structure of the source code written in a program-
ming language.

Optionally, the method comprises generating a call graph
by integrating the abstract syntax tree (AST) with a control
and a dataflow of the source code, wherein the call graph
represents calling relationships between subroutines in a
computer program.

Optionally, the method comprises implementing an
embedded technique on the call graph to generate the
vectorized call graph.

Optionally, the method comprises providing the final
security vulnerability on an expert device for receiving a
first input from a security expert.

Optionally, the method comprises processing the first
input on the final security vulnerability, wherein the first
input comprises a feedback associated with the final security
vulnerability.

Optionally, the method comprises providing the first input
on the final security vulnerability as training data to train the
machine learning model and to improve an accuracy of the
prediction of a presence of vulnerabilities within the source
code.

Optionally, the method comprises providing the final
security vulnerability to a user on a user device.

Optionally, in the method, the natural language processing
comprises a Byte Pair Encoding (BPE).

Optionally, in the method, the source code comprises at
least one of a method, a class, a package or variable names
along with comments and string literals.

Optionally, in the method, the library analysis is per-
formed using a software component analysis tool.

According to a second aspect, there is provided a system
for (of) automatically detecting a security vulnerability in a
source code using a machine learning model, characterized
in that the system comprising:

one or more processors;

one or more non-transitory computer-readable mediums

storing one or more sequences of instructions, which
when executed by the one or more processors, cause:
obtaining the source code from a client codebase,
wherein the client codebase is a complete or an
incomplete body of the source code for a given
software program or an application; and
using a machine learning (ML) model to perform a ML,
based analysis on an abstract syntax tree (AST) for
detecting a first security vulnerability over a static
source code, the machine learning based analysis
comprising:
flattening the abstract syntax tree (AST) into a
sequence of structured tokens, wherein the
sequence of structured tokens comprises a seman-
tic structure and a syntactic structure of the source
code,
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implementing a natural language processing tech-
nique on the sequence of structured tokens for
mapping the sequence of structured tokens to one
or more integers,

pre-training the machine learning model using an
unlabeled source code as an input to predict a
subsequent sub-token in the sequence of struc-
tured tokens, and

training the machine learning model on a labeled
source code to predict a presence or an absence of
the first security vulnerability.

Optionally, in the system, the one or more processors is
configured to detect a second security vulnerability before
compilation of the source code by performing a static
analysis on a vectorized call graph.

Optionally, in the system, the one or more processors is
configured to detect a third security vulnerability during the
compilation of the source code by performing a library
analysis on the vectorized call graph.

Optionally, in the system, the one or more processors is
configured to perform, using the machine learning model, a
post-analysis on the first security vulnerability, the second
security vulnerability, and the third security vulnerability to
predict a final security vulnerability.

Optionally, in the system, the one or more processors is
configured to generate a database with the source code and
its associated metadata, wherein the source code comprises
the unlabeled source code and the labeled source code.

Optionally, in the system, the one or more processors is
configured to parse the source code into the abstract syntax
tree (AST), wherein the abstract syntax tree (AST) is a tree
representation of an abstract syntactic structure of the source
code written in a programming language.

Optionally, in the system, the one or more processors is
configured to generate a call graph by integrating the
abstract syntax tree (AST) with a control and a dataflow of
the source code, wherein the call graph represents calling
relationships between subroutines in a computer program.

Optionally, in the system, the one or more processors is
configured to implement an embedded technique on the call
graph to generate the vectorized call graph.

Optionally, in the system, the one or more processors is
configured to provide the final security vulnerability on an
expert device for receiving a first input from a security
expert.

Optionally, in the system, the one or more processors is
configured to process the first input on the final security
vulnerability, wherein the first input comprises a feedback
associated with the final security vulnerability.

Optionally, in the system, the one or more processors is
configured to provide the first input on the final security
vulnerability as training data to train the machine learning
model and to improve an accuracy of the prediction of a
presence of vulnerabilities within the source code.

The present disclosure also provides a computer program
product comprising instructions to cause the system to carry
out the above-described method.

Embodiments of the present disclosure substantially
eliminate or at least partially address the aforementioned
drawbacks in existing approaches for automatically detect-
ing the security vulnerability in the source code without
false positives and false negatives while keeping the signal-
to-noise ratios as low.

Additional aspects, advantages, features and objects of the
present disclosure are made apparent from the drawings and
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the detailed description of the illustrative embodiments
construed in conjunction with the appended claims that
follow.

It will be appreciated that features of the present disclo-
sure are susceptible to being combined in various combina-
tions without departing from the scope of the present dis-
closure as defined by the appended claims.

BRIEF DESCRIPTION OF THE DRAWINGS

The summary above, as well as the following detailed
description of illustrative embodiments, is better understood
when read in conjunction with the appended drawings. For
the purpose of illustrating the present disclosure, exemplary
constructions of the disclosure are shown in the drawings.
However, the present disclosure is not limited to specific
methods and instrumentalities disclosed herein. Moreover,
those in the art will understand that the drawings are not to
scale. Wherever possible, like elements have been indicated
by identical numbers.

Embodiments of the present disclosure will now be
described, by way of example only, with reference to the
following diagrams wherein:

FIG. 1 is a schematic illustration of a system in commu-
nication with a client device in accordance with an embodi-
ment of the present disclosure;

FIG. 2 illustrates an exploded view of a system for (of)
automatically detecting a security vulnerability in a source
code using a machine learning model in accordance with an
embodiment of the present disclosure;

FIG. 3 is a schematic illustration of a method for (of)
automatically detecting a security vulnerability in a source
code using a machine learning model in accordance with an
embodiment of the present disclosure; and

FIG. 4 is an illustration of an exploded view of a distrib-
uted computing system or cloud computing implementation
in accordance with an embodiment of the present disclosure.

In the accompanying drawings, an underlined number is
employed to represent an item over which the underlined
number is positioned or an item to which the underlined
number is adjacent. A non-underlined number relates to an
item identified by a line linking the non-underlined number
to the item. When a number is non-underlined and accom-
panied by an associated arrow, the non-underlined number is
used to identify a general item at which the arrow is
pointing.

DETAILED DESCRIPTION OF EMBODIMENTS

The following detailed description illustrates embodi-
ments of the present disclosure and ways in which they can
be implemented. Although some modes of carrying out the
present disclosure have been disclosed, those skilled in the
art would recognize that other embodiments for carrying out
or practicing the present disclosure are also possible.

The present disclosure provides a method for (of) auto-
matically detecting a security vulnerability in a source code
using a machine learning model, characterized in that the
method comprising:

obtaining the source code from a client codebase, wherein

the client codebase is a complete or an incomplete body
of the source code for a given software program or an
application; and

using a machine learning (ML) model to perform a ML

based analysis on an abstract syntax tree (AST) for
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detecting a first security vulnerability over a static
source code, the machine learning based analysis com-
prising:

flattening the abstract syntax tree (AST) into a sequence

of structured tokens, wherein the sequence of struc-
tured tokens comprises a semantic structure and a
syntactic structure of the source code,
implementing a natural language processing technique on
the sequence of structured tokens for mapping the
sequence of structured tokens to one or more integers,

pre-training the machine learning model using an unla-
beled source code as an input to predict a subsequent
sub-token in the sequence of structured tokens, and

training the machine learning model on a labeled source
code to predict a presence or an absence of the first
security vulnerability.

The present method is of advantage in that improved
signal-to-noise ratio through the combination of above
analysis and, in particular, the use of machine learning (ML)
model can assist to improve security vulnerability detection
in the source code.

The present method thus automates the detection of a
security vulnerability in the source code using a combination
of static analysis and component analysis techniques (i.e.
library analysis) coupled with the machine learning model.
The present method thus enables a complete scan of a
computer program to automatically identify any potential
security vulnerability and classify it. The present method
optionally provides the detected security vulnerability for
review or verification by a human security expert. The
present method optionally detects security vulnerabilities at
a speed comparable to a speed at which the source code is
written and deployed. The present method optionally
enables differential analysis of new code changes and their
security impact.

It will be appreciated that the aforesaid present method is
not merely a “method of doing a mental act”, but has a
technical effect in that the method functions as a form of
automatic detection of software vulnerabilities using the
machine learning model based analysis, the statistical analy-
sis, and the library analysis of the source code. The method
involves performing training, using the machine learning
model, on a labeled source code to predict a presence or an
absence of the first security vulnerability.

The present method processes and analyses the source
code for assisting a security expert in analyzing the source
code and for reporting the security vulnerabilities to a user.
The present method employs a combination of machine
learning (ML) techniques, static analysis (SA), and library
analysis (e.g. Software Composition Analysis) for continu-
ously and automatically detecting the security vulnerability
in the source code.

The present method optionally provides an option for the
security expert to provide feedback to the machine learning
model for improving an accuracy of predictions and to
improve a performance of the machine learning model on
subsequent evaluations. The present method optionally clas-
sifies the detected security vulnerabilities into risk profiles,
vulnerability classes by language and a vulnerability type as
recognized by an open web application security project
(OWASP) and other security organizations for better under-
standing by the user.

The machine learning (ML) model optionally manages
integration with client codebases and securely stores the
source code and associated metadata. The machine learning
model optionally parses, processes, and transforms the
source code into a format suitable (e.g. vectorization format)
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for the ML model to interpret the source code. The machine
learning model optionally feeds data to and interpret results
(i.e. security vulnerability) from the ML model. The
machine learning model optionally runs SCA tools over
client libraries and reports potential security vulnerability to
a human security expert. The machine learning model
optionally reports verified security vulnerability to the user.

In an embodiment, before the ML model is executed on
the source code, the source code is transformed into a
suitable format (i.e. a vectorization format). The ML model
optionally parses the source code into abstract syntax trees
(ASTs) first and then processes, links, and normalizes the
abstract syntax trees.

The ML model optionally employs a processing technique
to flatten the ASTs into a sequence of structured tokens. The
sequence of structured tokens optionally captures semantic
and syntactic structure of the original source code. In order
to feed into the ML, model, the sequence of structured tokens
is mapped to integers. The sequence of structured tokens is
optionally mapped to integers by employing a natural lan-
guage processing (NLP) technique. The natural language
processing (NLP) technique optionally comprises a Byte
Pair Encoding (BPE). The Byte Pair Encoding (BPE)
optionally handles the unlimited vocabulary of the source
code while at the same time treats common tokens and
sub-tokens as logical units.

The machine learning model optionally comprises a deep
neural network architecture, which is used in the nature
language processing, called a transformer or a self-attention
network. More specifically, the machine learning model uses
a same decoder-only variant of the transformer used in with
a masked, multi-head, self-attention mechanism which
optionally consists of a word or a token embedding layer
followed by a sequence of one or more transformer blocks.
Final layers of the machine learning model optionally
depend on a task being learned.

The machine learning model is optionally trained in two
phases. In first phase, the machine learning model is option-
ally pre-trained on a large corpus of unlabeled source code
along with a task of predicting the next sub-token in a
random initial subsequence of a training example. The
first/pre-training phase is unsupervised which allows the
machine learning model to learn a deep, distributed repre-
sentation of function-level ASTs along with a learned
embedding of AST tokens. The second phase of training is
to calibrate weights of the machine learning model in order
to predict a presence or an absence of a specific security
vulnerability in the source code. The second phase of
training the machine learning model is a supervised phase
which relies on labels manually added to the training
examples.

Detection for security vulnerabilities in source code using
the machine learning model has several distinct advantages
over traditional static analysis. For example, the machine
learning model utilizes the advantages of the natural lan-
guage aspects of the source code that are invisible to static
analysis tools. Every aspect of the source code (e.g. a
method, a class, a package, and a variable name along with
comments and string literals) is infused with names and
language that are meant to confer meaning and intention to
programmers. The natural language aspects are optionally
leveraged to develop an intelligent static analysis tool. By
analyzing and learning a statistical model of the natural
language aspects of the source code, the machine learning
model is able to generalize to patterns and APIs not seen
during training or not known/built-in to the static analysis
tool. The machine learning model optionally uses these
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features and the natural language aspects to detect and
assign more emphasis to examples that are similar to true
vulnerabilities, in the same way, which human intuition
does.

According to an embodiment, the method comprises
detecting a second security vulnerability before compilation
of the source code by performing a static analysis on a
vectorized call graph.

In an embodiment, the static analysis is a technique for
finding bugs and security vulnerabilities in a computer
program but it usually suffers from either a very low recall
(i.e. true positive rate) or a high false discovery rate (for
example many false positives) due to complexity of the
security vulnerabilities and necessary algorithms that are
mechanically found by the static analysis. The machine
learning model optionally improves by learning and exploit-
ing statistical patterns in the source code in a way that is hard
to code algorithmically.

In an embodiment, the static analysis is performed by the
static analysis tool. The static analysis tool optionally com-
prises an open source static security analysis tool. The static
analysis tool scans the source code and then statically
analyses the scanned source code for lexical patterns to
detect the second security vulnerability with a low signal-
noise ratio. The static analysis may optionally employ the
machine learning model to increase the signal-noise ratio.
The lexical patterns optionally built from lexical items of the
vectorized call graph.

According to another embodiment, the method comprises
detecting a third security vulnerability during the compila-
tion of the source code by performing a library analysis on
the vectorized call graph.

In an embodiment, the library analysis is a kind of
dynamic analysis to detect the security vulnerability during
the compilation of the source code based on the vectorized
call graph. The library analysis is performed using a soft-
ware component analysis tool.

The Software Composition Analysis (SCA) optionally
employs a set of tools that provides a user visibility into the
source code. The SCA optionally identifies third-party and
open source components that have been integrated into the
source code. For each of these components, the SCA option-
ally identifies any open security common vulnerabilities and
exposures (CVEs), licenses, and out-of-date library ver-
sions.

The software component analysis tool optionally links an
open source library and libraries with known security vul-
nerabilities into a common vulnerabilities and exposures
(CVEs) database. The software component analysis tool
scans the source code to find libraries used by the customers.
The libraries contain known vulnerabilities to detect the
third security vulnerability with low signal-noise ratio. The
software component analysis tool may optionally employ
the machine learning model to increase the signal-noise
ratio. In an embodiment, the labeled source code in a
programming language optionally includes a sequence of
characters that identifies a location within the source code.

According to yet another embodiment, the method com-
prises performing, using the machine learning model, a
post-analysis on the first security vulnerability, the second
security vulnerability, and the third security vulnerability to
predict a final security vulnerability.

According to yet another embodiment, the method com-
prises providing the final security vulnerability on an expert
device for receiving a first input from a security expert. In
an embodiment, the final security vulnerability is provided
on the expert device for receiving a verification input from
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the security expert. The final security vulnerability is option-
ally provided on a user interface of the expert device for
receiving the first input. The expert device optionally com-
prises a personal computer, a mobile phone, a laptop, a
Smartphone or an electronic notebook.

According to yet another embodiment, the method com-
prises generating a database with the source code and its
associated metadata, wherein the source code comprises the
unlabeled source code and the labeled source code.

According to yet another embodiment, the method com-
prises parsing the source code into the abstract syntax tree
(AST), wherein the abstract syntax tree (AST) is a tree
representation of an abstract syntactic structure of the source
code written in a programming language.

According to yet another embodiment, the method com-
prises generating a call graph by integrating the abstract
syntax tree (AST) with a control and a dataflow of the source
code, wherein the call graph represents calling relationships
between subroutines in a computer program.

According to yet another embodiment, the method com-
prises implementing an embedded technique on the call
graph to generate the vectorized call graph.

According to yet another embodiment, the method com-
prises processing the first input on the final security vulner-
ability, wherein the first input comprises a feedback associ-
ated with the final security vulnerability. The feedback
optionally comprises a verification of the final security
vulnerability.

According to yet another embodiment, the method com-
prises providing the first input on the final security vulner-
ability as training data to train the machine learning model
and to improve an accuracy of the prediction of a presence
of vulnerabilities within the source code.

According to yet another embodiment, the method com-
prises providing the final security vulnerability to a user on
a user device. In an embodiment, the final security vulner-
ability is provided on the user device for notifying the final
security vulnerability to the user. The final security vulner-
ability is optionally provided on a user interface of the user
device. The user device optionally comprises a personal
computer, a mobile phone, a laptop, a Smartphone or an
electronic notebook.

According to yet another embodiment, the natural lan-
guage processing comprises a Byte Pair Encoding (BPE).
Byte pair encoding is a form of data compression in which
the most common pair of consecutive bytes of data is
replaced with a byte that does not occur within that data.

According to yet another embodiment, the source code
comprises at least one of a method, a class, a package or
variable names along with comments and string literals.

According to yet another embodiment, the library analysis
is performed using a software component analysis tool.

The present disclosure also provides a system for (of)
automatically detecting a security vulnerability in a source
code using a machine learning model, characterized in that
the system comprising:
one or more processors;
one or more non-transitory computer-readable mediums
storing one or more sequences of instructions, which when
executed by the one or more processors, cause:

obtaining the source code from a client codebase, wherein

the client codebase is a complete or an incomplete body
of the source code for a given software program or an

using a machine learning (ML) model to perform a ML

based analysis on an abstract syntax tree (AST) for
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detecting a first security vulnerability over a static

source code, the machine learning based analysis com-

prising:

flattening the abstract syntax tree (AST) into a
sequence of structured tokens, wherein the sequence
of structured tokens comprises a semantic structure
and a syntactic structure of the source code,

implementing a natural language processing technique
on the sequence of structured tokens for mapping the
sequence of structured tokens to one or more inte-
gers,

pre-training the machine learning model using an unla-
beled source code as an input to predict a subsequent
sub-token in the sequence of structured tokens, and

training the machine learning model on a labeled
source code to predict a presence or an absence of the
first security vulnerability.

The advantages of the present system are thus identical to
those disclosed above in connection with the present method
and the embodiments listed above in connection with the
present method apply mutatis mutandis to the present sys-
tem.

In an embodiment, the system optionally comprises a
server, wherein the server a processor and a memory con-
taining a set of instructions executed by the processor to
perform above-mentioned operation of automatically detect-
ing a security vulnerability in a source code using a machine
learning model. The server optionally partially performs the
above steps for automatically detecting a security vulner-
ability in the source code using the machine learning model.
The system optionally comprises more than one server that
optionally performs one or more of the above steps. The
server optionally comprises a server database that stores the
machine learning model. The server optionally comprises a
tablet, a desktop, a personal computer or an electronic
notebook. In an embodiment, the server may be a cloud
service.

In an embodiment, the system optionally comprises a first
processor that generates the machine learning model. The
system optionally comprises a second processor. The second
processor optionally executes the one or more of the above
steps. The system optionally comprises an input interface for
receiving the source code from the client codebase. The
system optionally further comprises an output interface for
providing the final security vulnerability.

In an embodiment, the system is communicatively con-
nected a user device for providing the final security vulner-
ability to a user. The system optionally provides a user
interface on the user device to display the final security
vulnerability. The user device optionally comprises a mobile
phone, a personal computer, a laptop, a Smartphone or an
electronic notebook. In an embodiment, the user device is
communicatively connected to the system through a com-
munication network.

In an embodiment, the machine learning comprises any
one of: linear regression, neural network, decision tree,
decision forest or gradient boosted decision tree, radial basis
function, support vector machine, Gaussian process, or
principal component analysis.

In an embodiment, the machine learning models is option-
ally applied to the source code in many ways. The system
optionally employs a transformer based model over a neural
network model for detecting a security vulnerability in the
source code. In an embodiment, the machine learning com-
prises at least one of: a graph neural network, a neural turing
machine, a tree-structured recurrent neural network, convo-
lutional neural network, structure attention network or a
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dynamic computation graph model. The system optionally
explores a cross-language transfer learning and intra-lan-
guage, cross-vulnerability transfer learning. The transfer
learning is a model trained for one task and retraining it to
perform a related task with the “transferring” knowledge
used to solve the first task to solve the second task.

According to an embodiment, the one or more processors
is configured to provide the final security vulnerability on an
expert device for receiving a first input from a security
expert. In an embodiment, the expert device is communica-
tively connected to the system through a communication
network. The system optionally provides a user interface on
the expert device for receiving the first input from the
security expert. The expert device optionally comprises a
personal computer, a mobile phone, a laptop, a Smartphone
or an electronic notebook. The communication network
optionally comprises a wired network or a wireless network.

According to an embodiment, the one or more processors
is configured to detect a second security vulnerability before
compilation of the source code by performing a static
analysis on a vectorized call graph.

According to another embodiment, the one or more pro-
cessors is configured to detect a third security vulnerability
during the compilation of the source code by performing a
library analysis on the vectorized call graph.

According to yet another embodiment, the one or more
processors is configured to perform, using the machine
learning model, a post-analysis on the first security vulner-
ability, the second security vulnerability, and the third secu-
rity vulnerability to predict a final security vulnerability.

According to yet another embodiment, the one or more
processors is configured to generate a database with the
source code and its associated metadata, wherein the source
code comprises the unlabeled source code and the labeled
source code.

According to yet another embodiment, the one or more
processors is configured to parse the source code into the
abstract syntax tree (AST), wherein the abstract syntax tree
(AST) is a tree representation of an abstract syntactic
structure of the source code written in a programming
language.

According to yet another embodiment, the one or more
processors is configured to generate a call graph by inte-
grating the abstract syntax tree (AST) with a control and a
dataflow of the source code, wherein the call graph repre-
sents calling relationships between subroutines in a com-
puter program.

According to yet another embodiment, the one or more
processors is configured to implement an embedded tech-
nique on the call graph to generate the vectorized call graph.

According to yet another embodiment, the one or more
processors is configured to process the first input on the final
security vulnerability, wherein the first input comprises a
feedback associated with the final security vulnerability. In
an embodiment, the first input comprises a verification of the
final security vulnerability.

According to yet another embodiment, the one or more
processors is configured to provide the first input on the final
security vulnerability as training data to train the machine
learning model and to improve an accuracy of the prediction
of a presence of vulnerabilities within the source code.

The present disclosure also provides a computer program
product comprising instructions to cause the system to carry
out the above-described method.

The advantages of the present computer program product
are thus identical to those disclosed above in connection
with the present method and the embodiments listed above
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in connection with the present method apply mutatis mutan-
dis to the computer program product.

Embodiments of the present disclosure beneficially
improve signal-to-noise ratio through the combination of
above analysis and, in particular, the through the machine
learning (ML) model and assist in improving security vul-
nerability detection in the source code. Embodiments of the
present disclosure beneficially automate the detection of a
security vulnerability in the source code using a combination
of static analysis and component analysis techniques (i.e.
library analysis) coupled with the machine learning model.
Embodiments of the present disclosure optionally enable a
complete scan of a computer program to automatically
identify any potential security vulnerability and classity it.
Embodiments of the present disclosure optionally provide
the detected security vulnerability for review or verification
by a human security expert. Embodiments of the present
disclosure beneficially detect security vulnerabilities at a
speed comparable to a speed at which the source code is
written and deployed.

DETAILED DESCRIPTION OF THE DRAWINGS

FIG. 1 is a schematic illustration of a system 102 in
communication with a client device 106 in accordance with
an embodiment of the present disclosure. The system 102
receives an input from the client device 106 through a
network 104. The input comprises a source code from a
codebase of the client device 106. The system 102 comprises
one or more processors to automatically detect a security
vulnerability in the source code using a machine learning
model. The function of these parts as has been described
above.

FIG. 2 illustrates an exploded view of a system for (of)
automatically detecting a security vulnerability in a source
code using a machine learning model in accordance with an
embodiment of the present disclosure. The system com-
prises a source code module 202, an intermediate represen-
tation module 204, an abstract syntax tree (AST) module
206, a call graph generation module 208, a static analysis
module 210, a library analysis module 212, a machine
learning analysis module 214, a second security vulnerabil-
ity determination module 216, a third security vulnerability
determination module 218, a first security vulnerability
determination module 220, a security vulnerability database
222, a machine learning post analysis module 224, a final
vulnerability determination module 226, a live system 228
and a system telemetry 230. The source code module 202
receives the source code from a codebase of a client device.
The client codebase is a complete or an incomplete body of
the source code for a given software program or an appli-
cation. The source code comprises an unlabeled source code
and a labeled source code.

The intermediate representation module 204 segments the
source code into intermediate representation of the source
code. The abstract syntax tree (AST) module 206 parses the
source code into an abstract syntax tree (AST). The abstract
syntax tree (AST) is a tree representation of an abstract
syntactic structure of the source code written in a program-
ming language. The call graph generation module 208
generates a call graph by integrating the abstract syntax tree
(AST) with a control and a dataflow of the source code. The
call graph represents calling relationships between subrou-
tines in a computer program. The call graph generation
module 208 implements an embedded technique on the call
graph to generate a vectorized call graph. In an embodiment,
the vectorized call graph is transmitted to the static analysis
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module 210 and the library analysis module 212. The static
analysis module 210 performs a static analysis on the
vectorized call graph before compilation of the source code
to detect a second security vulnerability. The library analysis
module 212 performs a library analysis on the vectorized
call graph during compilation of the source code to detect a
third security vulnerability. The second security vulnerabil-
ity determination module 216 predicts the second security
vulnerability based on the static analysis. The third security
vulnerability determination module 218 determines the third
security vulnerability based on the library analysis. The
abstract syntax tree (AST) is transmitted to the machine
learning analysis module 214. The machine learning analy-
sis module 214 performs a machine learning model based
analysis on the abstract syntax tree (AST) over the static
source code to detect a first security vulnerability. The first
security vulnerability determination module 220 determines
the first security vulnerability based on the machine learning
model based analysis. The security vulnerability database
222 stores the first security vulnerability, the second security
vulnerability, and the third security vulnerability. The
machine learning analysis module 214 flattens the abstract
syntax tree (AST) into a sequence of structured tokens. The
sequence of structured tokens comprises a semantic struc-
ture and a syntactic structure of the source code. The
machine learning analysis module 214 implements a natural
language processing technique on the sequence of structured
tokens for mapping the sequence of structured tokens to one
or more integers. The machine learning model is pre-trained
using the unlabeled source code as an input to predict a
subsequent sub-token in the sequence of structured tokens.
The machine learning model is also trained on the labeled
source code to predict a presence or an absence of a specific
security vulnerability. The machine learning post analysis
module 224 performs a post-analysis on the first security
vulnerability, the second security vulnerability, and the third
security vulnerability to predict a final security vulnerability.
The final vulnerability determination module 226 predicts
the final security vulnerability based on the machine learn-
ing based post analysis. The live system 228 is connected to
the system telemetry 230. The system telemetry 230 is
connected to the machine learning post analysis module 224.

FIG. 3 is a schematic illustration of a method for (of)
automatically detecting a security vulnerability in a source
code using a machine learning model in accordance with an
embodiment of the present disclosure. At a step 302, the
source code is obtained from a client codebase. The client
codebase is a complete or an incomplete body of the source
code for a given software program or an application. At a
step 304, a machine learning (ML) based analysis is per-
formed on an abstract syntax tree (AST) for detecting a first
security vulnerability over a static source code. The ML
based analysis comprises (i) flattening the abstract syntax
tree (AST) into a sequence of structured tokens, wherein the
sequence of structured tokens comprises a semantic struc-
ture and a syntactic structure of the source code, (ii) imple-
menting a natural language processing technique on the
sequence of structured tokens for mapping the sequence of
structured tokens to one or more integers, (iii) pre-training
the machine learning model using an unlabeled source code
as an input to predict a subsequent sub-token in the sequence
of structured tokens and (iv) training the machine learning
model on a labeled source code to predict a presence or an
absence of the first security vulnerability.

FIG. 4 is an illustration of an exploded view of a distrib-
uted computing system or cloud computing implementation
in accordance with an embodiment of the present disclosure.
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The exploded view comprises an input interface 402, a
control module that comprises a processor 404, a memory
406 and a non-volatile storage 408, processing instructions
410, a shared/distributed storage 412, a server that com-
prises a server processor 414, a server memory 416 and a
server non-volatile storage 418 and an output interface 420.
The function of the server processor 414, the server memory
416 and the server non-volatile storage 418 are thus identical
to the processor 404, the memory 406 and the non-volatile
storage 408 respectively. The functions of other parts are as
has been known in the art.

Modifications to embodiments of the present disclosure
described in the foregoing are possible without departing
from the scope of the present disclosure as defined by the
accompanying claims. Expressions such as “including”,
“comprising”, “incorporating”, “have”, “is” used to describe
and claim the present disclosure are intended to be construed
in a non-exclusive manner, namely allowing for items,
components or elements not explicitly described also to be
present. Reference to the singular is also to be construed to
relate to the plural.

The invention claimed is:

1. A method for (of) automatically detecting a security
vulnerability in a source code using a machine learning
model, wherein the method comprises:

obtaining the source code from a client codebase, wherein

the client codebase is a complete or an incomplete body
of the source code for a given software program or an
application; and

parsing the source code into an abstract syntax tree

(AST);

using a machine learning (ML) model to perform a ML

based analysis on the abstract syntax tree (AST) for

detecting a first security vulnerability over a static

source code, the machine learning based analysis com-

prising:

flattening the abstract syntax tree (AST) into a
sequence of structured tokens, wherein the sequence
of structured tokens comprises a semantic structure
and a syntactic structure of the source code,

implementing a natural language processing technique
on the sequence of structured tokens for mapping the
sequence of structured tokens to one or more inte-
gers, wherein the natural language processing com-
prises Byte Pair Encoding (BPE);

pre-training the machine learning model using an unla-
beled source code as an input to predict a subsequent
sub-token in the sequence of structured tokens, and

training the machine learning model on a labeled
source code to predict a presence or an absence of the
first security vulnerability.

2. A method according to claim 1, wherein the method
comprises detecting a second security vulnerability before
compilation of the source code by performing a static
analysis on a vectorized call graph.

3. A method according to claim 2, wherein the method
comprises detecting a third security vulnerability during the
compilation of the source code by performing a library
analysis on the vectorized call graph.

4. A method according to claim 3, wherein the method
comprises performing, using the machine learning model, a
post-analysis on the first security vulnerability, the second
security vulnerability, and the third security vulnerability to
predict a final security vulnerability.
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5. A method according to claim 4, wherein the method
comprises providing the final security vulnerability on an
expert device for receiving a first input from a security
expert.

6. A method according to claim 5, wherein the method
comprises processing the first input on the final security
vulnerability, wherein the first input comprises a feedback
associated with the final security vulnerability.

7. A method according to claim 5, wherein the method
comprises providing the first input on the final security
vulnerability as training data to train the machine learning
model and to improve an accuracy of the prediction of a
presence of security vulnerabilities within the source code.

8. A method according to claim 4, wherein the method
comprises providing the final security vulnerability to a user
on a user device.

9. A method according to claim 3, wherein the method
comprises generating a call graph by integrating the abstract
syntax tree (AST) with a control and a dataflow of the source
code, wherein the call graph represents calling relationships
between subroutines in a computer program.

10. A method according to claim 9, wherein the method
comprises implementing an embedded technique on the call
graph to generate the vectorized call graph.

11. A method according to claim 3, wherein the library
analysis is performed using a software component analysis
tool.

12. A method according to claim 1, wherein the method
comprises generating a database with the source code and its
associated metadata, wherein the source code comprises the
unlabeled source code and the labeled source code.

13. A method according to claim 1, wherein the abstract
syntax tree (AST) is a tree representation of an abstract
syntactic structure of the source code written in a program-
ming language.

14. A method according to claim 1, wherein the source
code comprises at least one of a method, a class, a package
or variable names along with comments and string literals.

15. A computer program product comprising instructions
to cause the system to carry out the method of claim 1.

16. A method according to claim 1, wherein the method
comprises:

developing an intelligent static analysis tool using natural

language aspects of the source code; and

analyzing and learning an statistical model of the natural

aspects of the source code enabling the machine learn-
ing model to generalize to patterns and APIs not seen
during training or not known/built-in to a static analysis
tool.

17. A system for (of) automatically detecting a security
vulnerability in a source code using a machine learning
model, wherein the system comprises:

one or more processors;

one or more non-transitory computer-readable mediums

storing one or more sequences of instructions, which
when executed by the one or more processors, cause:
obtaining the source code from a client codebase,
wherein the client codebase is a complete or an
incomplete body of the source code for a given
software program or an application; and
using, a machine learning (ML) model to perform a ML,
based analysis on an abstract syntax tree (AST) for
detecting a first security vulnerability over a static
source code, the machine learning based analysis
comprising:
flattening the abstract syntax tree (AST) into a
sequence of structured tokens, wherein the
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sequence of structured tokens comprises a seman-
tic structure and a syntactic structure of the source
code,

implementing a natural language processing tech-
nique on the sequence of structured tokens for
mapping the sequence of structured tokens to one
or more integers, wherein the natural language
processing comprises a Byte Pair Encoding
(BPE); and,

pre-training the machine learning model using an
unlabeled source code as an input to predict a
subsequent sub-token in the sequence of struc-
tured tokens, and training the machine learning
model on a labeled source code to predict a
presence or an absence of the first security vul-
nerability.

18. A system according to claim 17, wherein the one or
more processors is configured to detect a second security
vulnerability before compilation of the source code by
performing a static analysis on a vectorized call graph.

19. A system according to claim 18, wherein the one or
more processors is configured to detect a third security
vulnerability during the compilation of the source code by
performing a library analysis on the vectorized call graph.

20. A system according to claim 19, wherein the one or
more processors is configured to perform, using the machine
learning model, a post-analysis on the first security vulner-
ability, the second security vulnerability, and the third secu-
rity vulnerability to predict a final security vulnerability.

21. A system according to claim 20, wherein the one or
more processors is configured to provide the final security
vulnerability on an expert device for receiving a first input
from a security expert.

22. A system according to claim 21, wherein the one or
more processors is configured to process the first input on
the final security vulnerability, wherein the first input com-
prises a feedback associated with the final security vulner-
ability.

23. A system according to claim 21, wherein the one or
more processors is configured to provide the first input on
the final security vulnerability as training data to train the
machine learning model and to improve an accuracy of the
prediction of a presence of vulnerabilities within the source
code.

24. A system according to claim 19, wherein the one or
more processors is configured to generate a call graph by
integrating the abstract syntax tree (AST) with a control and
a dataflow of the source code, wherein the call graph
represents calling relationships between subroutines in a
computer program.

25. A system according to claim 24, wherein the one or
more processors is configured to implement an embedded
technique on the call graph to generate the vectorized call
graph.

26. A system according to claim 17, wherein the one or
more processors is configured to generate a database with
the source code and its associated metadata, wherein the
source code comprises the unlabeled source code and the
labeled source code.

27. A system according to claim 17, wherein the abstract
syntax tree (AST) is a tree representation of an abstract
syntactic structure of the source code written in a program-
ming language.

28. A system according to claim 17, wherein the one or
more processors is configured to develop an intelligent static
analysis tool using natural language aspects of the source
code and analyze and learn an statistical model of the natural
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aspects of the source code enabling the machine learning
model to generalize to patterns and APIs not seen during
training or not known/built-in to a static analysis tool.

#* #* #* #* #*



